We present projections of winter storm-induced insured losses in the German residential building sector for the 21st century. With this aim, two structurally most independent downscaling methods and one hybrid downscaling method are applied to a 3-member ensemble of ECHAM5/MPI-OM1 A1B scenario simulations. One method uses dynamical downscaling of intense winter storm events in 196 Climatic Change (2013) 121:195-207 the global model, and a transfer function to relate regional wind speeds to losses. The second method is based on a reshuffling of present day weather situations and sequences taking into account the change of their frequencies according to the linear temperature trends of the global runs. The third method uses statisticaldynamical downscaling, considering frequency changes of the occurrence of storm-prone weather patterns, and translation into loss by using empirical statistical distributions. The A1B scenario ensemble was downscaled by all three methods until 2070, and by the (statistical-) dynamical methods until 2100. Furthermore, all methods assume a constant statistical relationship between meteorology and insured losses and no developments other than climate change, such as in constructions or claims management. The study utilizes data provided by the German Insurance Association encompassing 24 years and with district-scale resolution. Compared to 1971-2000, the downscaling methods indicate an increase of 10-year return values (i.e. loss ratios per return period) of 6-35 % for 2011-2040, of 20-30 % for 2041-2070, and of 40-55 % for 2071-2100, respectively. Convolving various sources of uncertainty in one confidence statement (data-, loss model-, storm realization-, and Pareto fit-uncertainty), the return-level confidence interval for a return period of 15 years expands by more than a factor of two. Finally, we suggest how practitioners can deal with alternative scenarios or possible natural excursions of observed losses.
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Introduction
Winter storms represent one of the major natural hazards. Based on three decades of data from the EM-DAT 1 database (e.g. Guha-Sapir et al. 2012 ) extratropical storms account for a world-wide average of annual economic loss of USD 10.7 bn in 2011 prices. According to Kron et al. (2012) , the cumulative world-wide losses 1980-2012 amount for USD 178 bn (2012 prices). For Europe, current estimates for a single 10-year event reach USD 7 bn (2006 prices), increasing up to USD 30 bn for events with a return level of once per 100 years (Schwierz et al. 2010) . Changes in winter storm statistics related to global warming have been studied in several investigations, in particular referring to the Euro-Atlantic area (e.g. Ulbrich et al. 2009 ). Additionally, several studies indicate that losses from winter storms may increase in future decades over Western Europe (e.g. Donat et al. 2011a; Pinto et al. 2012; Schwierz et al. 2010) . Hence, winter storms clearly have the potential for a relevant global warming impact category. Further, the international debate on an adequate climate policy is shifting from a mitigation-oriented focus towards a broader perspective including more of the impact and adaptation side.
2 With this aim, we suggest a new methodological approach for combining different impact assessment techniques and integrating the related measures of uncertainty. We suggest that the sequence demonstrated here for the special case of storm losses in Germany will be relevant for impact modeling in general. Losses caused by European winter storms are particularly relevant for western and central European countries (e.g. Della-Marta and Pinto 2009; Haylock 2011; ). Average annual storm-related insured losses to residential buildings in Germany add up to about EUR 1.1 bn (GDV 2012) . The link between extreme wind speeds and induced insured losses is dependent on the spatial distribution of winter storm (hazard) intensities and the vulnerabilities of local buildings (e.g. Donat et al. 2011b; Prahl et al. 2012) . As there is no unique mechanism quantifying the vulnerabilities which may differ between regions, the assessment of any 'winter storm intensity-loss'-relation must rely on statistical data. In that regard, insurance companies hold the most reliable and systematic records. Annual values of insured losses for Germany had been used in previous works (e.g. Pinto et al. 2007) . For the first time, the German Insurance Association (Gesamtverband der Deutschen Versicherungswirtschaft e.V., GDV) provided highly spatio-temporally resolved data on storm and hail losses from the German residential building sector for a scientific project. Currently, about 93 % of private buildings in Germany are insured. For that reason, we assume that the results derived from that dataset are representative for the sector as a whole.
In this article we provide a compilation of results from the project focusing on global-warming induced changes of winter storm losses over Germany based on ensemble projections with one coupled global climate model (GCM). At the same time, the subsequent methodological advancements are highlighted. The key sources of uncertainty are estimated in a causal chain from global warming projections to economic losses including the step of regionalization. We utilize three different approaches to regionalization of winter storms. As these approaches produce different results by applying different methodologies to one common driver (ECHAM5/MPI-OM1 GCM scenario runs), they constitute a 3-model ensemble in some sense. Basically, the three approaches correspond to dynamical downscaling, statistical downscaling, and a hybrid of dynamical and statistical downscaling. Firstly, the applied methods are described in more detail in the following Section, and specific results are given in Section 3. Secondly, we attempt a semi-quantitative discussion of all major uncertainties and, to a large extent, their synergetic effects along the causal chain, as outlined in Section 4. Thirdly, the uncertainties are evaluated based on both academic and stakeholder insurance industry standards. The implications of the latter are further incorporated into the summary in Section 5.
Data base and modeling approaches
For this study the GDV provided loss records on a daily basis, distinguished for the 439 administrative districts of Germany (status of 2006 for homogeneity reasons). The datasets are described in Donat et al. (2011b All methods use various reanalysis datasets for the representation of the current climate, namely NCEP/NCAR (Kalnay et al. 1996) , ERA-40 (Uppala et al. 2005) , and ERA-Interim (Dee et al. 2011) . For the dynamical downscaling (DD) approach, the storm events in Germany are identified using an impact model for storm damages (e.g. Klawa and Ulbrich 2003; Pinto et al. 2007) . The model translates wind speeds into loss, assuming that loss is induced when wind speeds exceed a minimum value, which is associated with the 98th percentile of local wind climate. Thus, a regional adaptation is assumed. Loss is increasing with the third power of normalized excess over this threshold. The storm loss model is calibrated with Reanalysis data and loss data from the GDV at the district scale (Donat et al. 2011b ). Climate models produce their own wind climatologies, with inherent biases against observational data. Loss associated with the models' windstorms can, however, be estimated using the respective 98th percentile and normalized excess of storm wind speeds rather than their absolute values. For simulations of historical storms, the regional climate model COSMO-CLM (Rockel et al. 2008 ) with an implemented wind gust parameterization (see Born et al. 2012 , for validation and more details) is used. Synthetic storms identified in the global model for recent and future climate conditions are also dynamically downscaled by the same RCM. In order to estimate uncertainties, 5 RCM ensemble runs are produced for each storm by shifting the spatial domain of the nesting region by 8 grid points (see Supplementary Material). This shift is resulting in equally valid developments of a storm, as there is no preferred predefined position of the nesting region. This should be distinguished from ensemble forecast generations, which aim to estimate the effects of variations in physics and in modifying the initial conditions with specific anomalies. For each simulation, the storm loss model is applied for making loss data available. This method will thus sample for the uncertainty of a specific storm situation from its dynamical aspects: Given the same forcing conditions, a different realization might exist and the real event is only one of multiple possible realizations. Further details can be found in the Electronic Supplemental Material, Section 1.
Statistical downscaling (SD) is performed by the statistical regional climate model STARS (STatistical Analog Resampling Scheme; Orlowsky et al. 2008) . It calculates regional climate projections of daily meteorological variables for the next few decades. The model uses historical observations from weather stations and a prescribed future trend of a meteorological variable (in this case the annual mean of the air temperature, spatially distributed in the area of interest, here for Germany) in order to assemble a new meteorological data set that fulfills the trend prescription. Observed meteorological data associated with the trend variable are maintained, so temporal and spatial consistency in the future data set is assured. Because of the very modest demands in computational resources, the STARS model is able to simulate a large number of such data reassemblies, called realizations, for a given future trend of a meteorological variable.
The results of the global climate model ECHAM5 runs under scenario A1B forcing showed an average increase in temperatures of approximately 2.1 K has to be anticipated between 2011 and 2070. (This time period was selected because of the rule that the simulation period must not be longer than the observational period (Orlowsky et al. 2008) .) However, spatially resolved temperature increases may differ from the average trend and were used as input for STARS. 1,000 realizations were generated. Using two further statistical methods (regression approach and analogue approach-for more information see Electronic Supplemental Material, Section 1) it was possible to estimate the future development of the loss ratios for winter storms based on the results of model STARS and the insurance data (Gerstengarbe et al. 2013) .
The statistical-dynamical downscaling (SDD) method presents an alternative to purely dynamical or statistical approaches to determine the regional responses to climate change. SDD relies on regional modeling, on changes in frequencies of weather types, and on estimated statistical distributions of climate variables like wind (Fuentes and Heimann 2000; Pinto et al. 2010) . The study uses NCEP/NCAR Reanalysis for the representation of storm-relevant weather classes following Leckebusch et al. (2008) under recent climate conditions (see Electronic Supplemental Material). In order to include the climate change signal, changes in the frequencies of weather classes between recent and future climate conditions as represented by ECHAM5 runs are considered. For storm-relevant weather classes, CCLM simulations of historical storms ) are conducted and considered as the dynamical part of this downscaling technique. The GDV loss data is used to calibrate a wind-loss relation in a parameter-free probabilistic relation using quantile regression. Unlike the dynamical approach, no RCM simulations for GCM storms are considered. Hence, the climate change signal is derived only from changes in the frequency of the storm-relevant weather classes and does not consider possible changes of intensity of singular events within a specific weather class. Further details can be found in the Electronic Supplemental Material.
Economic losses in the insurance sector are to a large extent influenced by extreme events that would appear at least once over the observational or projected period. Hence, the impact projections cannot be evaluated directly, but have to be extrapolated for less frequent events of even higher impact. We follow a standard approach, exploit the asymptotics of our extreme value statistic, and fit a Generalized Pareto Distribution (GPD, e.g. Coles 2001 ) to annual loss data (Donat et al. 2011b) of any 30-year period. Any GPD is characterized by three fit parameters that we determine as a maximum likelihood combination. Confidence intervals for 95% confidence levels are derived from the profile likelihoods following Coles (2001) .
Results
The results for all three methodologies regarding changes of return levels for selected return periods are summarized in Table 1 . For DD and SDD, results are derived from all three ECHAM5 ensemble members and then pooled per period. For SD, the ensemble member is used as the driving input that is characterized by the median temperature trend (of the three), the latter not being significantly different from the ensembles mean trend (i.e. a change of 2.1 K for the period 2011 to 2070). Overall we observe an increase of return levels with time. We attribute the intermittent flips in sign to climate variability.
We display a characteristic extract from this in Fig. 1 . For a given 'return period T' the so called 'return level' is that loss ratio, which would occur after an average waiting time T due to an event of that magnitude or larger. As an example, Fig. 1 shows the changes of the return level (left) and the return period (right) for a loss corresponding to a 10 years event under recent climate conditions. The 10 years return level was chosen for Table 2 .
Results indicate slightly higher return levels and shorter return periods of extreme losses under enhanced greenhouse gas conditions. However the observed changes are much smaller than the widths of most of the 95 % confidence intervals. . Table 1) . Accordingly, the return period estimates for a 10 year return level are shortened, corresponding for example to 5.8-8.7 years for 2011-2040 (cf. right graph in Fig. 1 and Table 1 in the Electronic Supplemental Material). Concerning less frequent events, changes of return levels are of similar or larger order of magnitude as for a 10-year event: For example, the return level of a 25-year event may increase by 5-41 % and Table 1 ). Note that the increase is not in all cases steady between the periods, and even changes of opposite sign are found for specific methods and periods. This fact is related to the presence of long term (decadal) climate variability superposed to the greenhouse gas signal: as single model simulations represent individual developments of (model-) climate, the respective return values will be strongly affected by such long-term variations. This is particularly relevant for the DD method (c.f. Section 4). The confidence intervals of all three methods overlap in their projections. This is remarkable in the sense that the three methods are structurally very different. While the dynamical method is able to consider changes in intensity of storms under future climate conditions, the statistical method represents an optimal temperaturedriven extrapolation of observational weather patterns, and the statistical-dynamical method considers changes of storm-prone weather types. In fact, maximum storm losses for current climate conditions are exceeded under future climate conditions, particularly in the last decades of the 21st century Fig. 4d ).
Overall the results show a modest increase in return levels and shorter return periods due to global warming for Germany. This result, for the first time derived from a district-scale data set on insured losses, is in line with projected changes in extreme cyclones affecting Western Europe (Della-Marta and Pinto 2009; Donat et al. 2010) , and with changes of return periods of estimated losses for Germany and nearby countries under several SRES scenarios (Donat et al. 2011a; Pinto et al. 2012) .
Uncertainty discussion along the causal chain
Concerning the impacts of global warming on the private building sector, insurers as well as clients face the following main sources of uncertainty:
1. Uncertain future emission regulation and the subsequent emissions and concentration 2. Uncertain response of the global climate dynamics on greenhouse gas emissions 3. Initial value problem: is the present-day 30 years window representative in terms of its extreme value statistics-or is it rather an excursion from the mean climate? Are the other periods representative for the respective GHG forcing? 4. Uncertainty in downscaling 5. Uncertainty in statistical relation from the meteorological phenomenon to the economic loss 6. Uncertainty in estimate of generalized Pareto distribution due to finite length of time series.
What could be the consequences of these sources of uncertainty for the interpretation of our results?
In addressing the first two items we clearly have to state that we present results only for the intermediate no-mitigation policy A1B scenario and only for ECHAM5 which is characterized by somewhat 'centered' response characteristics compared to other GCMs (with respect to the mean climate change signal of the storm track, please compare Ulbrich et al. 2008) . Note, however, that beyond the mean climate response to rising greenhouse gas concentrations decadal climate variations are produced, see item #3.
Here we offer one possible extrapolation of our results that might serve as a bridge as long as analyzes with other global scenarios are missing. The A1FI-SRES scenario represents the most aggressive of the SRES marker scenarios. When augmenting this scenario with climate response uncertainty, IPCC-AR4, WG-I, states a maximum warming of 6
• C in the course of this century (Fig. 5 , Summary for Policymakers; upper end of 90 % quantile). In view of likely negative feedbacks of global warming (Stern 2007 ) on economic growth, we regard any warming beyond 6
• C by 2100 as highly unlikely. Within the framework of our purely statistical approach STARS, climate evolution is seen as driven by the average temperature evolution. From that point of view, an A1FI scenario could be interpreted as an accelerated A1B scenario, from 2050 onwards, when scenarios start to diverge. In case one was willing to extrapolate that reasoning also to the results derived by our other two methods, this would imply that the warming-induced impacts could occur up to 15 years earlier than projected under the A1B scenario.
While standard impact publications based on GCM-warming scenarios generically project ratios of impacts from present-day to future time periods (as we do in our dynamical and our statistical-dynamical approach), real-world stakeholders are more interested in the ratio as induced by real future vs. real present climate. This potential mismatch of supply and demand of type of information is addressed by item #3. Figure 1 in the Electronic Supplemental Material reveals that this is a salient obstacle: Germany's mean temperature as projected in the median ECHAM5 ensemble member vs. as observed differ by 0.85
• C. Note that given the slope of the warming curve, in above logic this corresponds to a time shift of about 20 years. This difference allows for two main interpretations: (i) ECHAM5 is biased for the temperature average across Germany, or (ii) the present-day observed climate is characterized by a temporary excursion to the high-temperature end as against the mean. Depending on the interpretation, the correction to be applied would work in rather opposite directions (see Table 2 ). With respect to (ii), such deviations from an average climate are also expected under increased GHG forcing. This effect of climate variability influences the changing return levels in particular when just one (or few) model runs are considered. Table 1 shows, for example, even Table 2 A suggestion for a re-interpretation of the previous Section in view of the mismatch of ECHAM5-temperature and observations (see Fig. 1 20 years to earlier dates.
Statistical (STARS)
As only ECHAM5-trend, Time-shift calculated future and not the absolute value impacts by 20 years into is utilized, no correction the future. is necessary.
The correction method depends on both, the downscaling method and the interpretation of the cause of the bias as depicted in that Figure. For a detailed explanation of this Table, see the last Section of the Electronic Supplemental Material decreasing return levels in the 2041-2070 period compared to both the present day forcing period (1971-2000) and 2011-2040 . This suggests that climate is also just one 'realization' of the possible climate conditions under a certain GHG forcing level, and therefore decadal variability can be expected to play a role in our analysis.
Regarding item #4, the uncertainty on downscaling, we suggest that the model ensemble presented here represents a novel approach to estimate downscaling uncertainty as the ensemble contains two structurally most extreme versions: dynamical versus the particular version of statistical downscaling as used for this article. The latter can be interpreted as the maximum that can be derived from observational data without adding explicit dynamical knowledge. We also address item #5 for the dynamical approach in deriving an empirical distribution of the deviation from projected and observed impacts. Finally, the finite length of time series (item #6) has In Fig. 2 we display the uncertainty #6, a standard measure for Pareto-fits, and successively augment it by the effects of #5 and #4 (for the statistical concept and the numerical implementation, see the Electronic Supplemental Material, Section 3). We observe that the inclusion of all three sources of uncertainty augments the confidence intervals by a factor of more than 2 for a return period of 15 years, of less for smaller return periods, and accordingly of more for larger return periods. We conclude that for intermediate return periods, the original Pareto-fit confidence intervals do already provide a good order-of-magnitude estimate for the more inclusive confidence intervals.
Conclusion
Based on a district-resolved dataset on insured losses of weather extreme events with a coverage of 93 % for Germany, three structurally very different downscaling methodologies combined with translation of wind speeds into loss were applied to global warming (A1B) scenario ensemble simulations. The compilation of all three methods leads to the following results (whereby the period 2071-2100 could only be derived by dynamical and statistical-dynamical downscaling):
1. In response to an A1B scenario, compared to 1971-2000, the downscaling methods indicate an increase of 10-year return values (i.e. loss ratios per return period) of 6-35 % for 2011-2040, of 20-30 % for 2041-70, and of 40-55 % for 2071-2100, respectively (for the latter period the statistical method does not apply). 2. For larger return periods, increase ratios are found to be on the same order of magnitude. 3. More specifically, compared to 1971-2000, we find a maximum increase of return values of 35, 50, 58 % for 2011-2040, 2041-2070, and 2071-2100 , respectively. For this purpose the maximum is taken across all three downscaling methods (for 2071-2100 omitting the statistical method that however tends to the low-end) and across all return periods as of 10, 25, 50, and 100 years. (Analogously, the minimum increases read as −35, −19, +40 %. Negative increases on shorter time-scales may highlight the influence of climate variability.) 4. All of the above findings are conditional on our highly simplifying assumption that no adaptation measures were anticipated. Preliminary analyzes of our data suggest significant adaptation potential in several regions within Germany. 5. During 2071-2100, windstorms with magnitudes unseen under current climate conditions are identified in these ECHAM5 simulations (see Pinto et al. 2012) . Their occurrence could partially be explained by long-term climate variability (see above). However, they might also be an indication that climate change affects significantly the intensity of windstorms over Europe. 6. An uncertainty analysis spelled out for the case of dynamical downscaling suggests that confidence intervals as derived by standard Pareto-fit profilelikelihood methods are a good approximation (within a factor of two for return periods of 15-years or less) for more comprehensive confidence intervals.
However the factor needed to upscale Pareto fit uncertainty to include multiple uncertainties increases super-linearly with return period. 7. The increase of 10-year return values in the course of this century is generically smaller than the 95 % confidence intervals generated from fitting a Generalized Pareto Distribution. In view of expanding confidence intervals with return period, analogous statements would hold the more so for larger return periods. 8. The project partners from the insurance industry conclude that global-warming induced increases in insured losses under the A1B scenario are generically to be expected, could however be handled within the existing insurance frameworks in Germany. 9. We furthermore suggested options for interpretations how to deal with discrepancies between GCM runs and observation as well as how to extrapolate to the effects of other (than A1B) input scenarios. These options have to be utilized with care and are not to be seen as built on an academic basis of similar quality as our main results. However, they might serve as expert-informed 'bridging technology' for the practitioner as long as solid academic results are missing. 10. All results have passed a twin-test of relevance. The scientific results presented are claimed to be derived according to academic standards. In addition, the priorities set were strongly influenced by the stakeholders involved in the project, the insurance industry. We regard this project a fine example how practitioners can push academic developments, in particular by requesting a combination of structurally most divergent methods in order to minimize surprises in the real-world future development.
Future work will concentrate on a detailed comparison of the results from the three methodologies focusing on regional aspects and on associated uncertainties. Such an analysis will enable the development of detailed climate change impact charts for winter storm risk for insurance purposes.
